Abstract: The study of non-fatal road traffic injuries is growing in importance. Since there are rarely comprehensive injury datasets, it is necessary to combine different sources to obtain better estimates on the extent and nature of the problem. Record linkage is one such technique. In this study, anonymised datasets from three separate sources of injury data in Ireland -hospitals, police and injury claims are linked using probabilistic and deterministic linkage techniques. A method is proposed that creates a 'best' set of linked records for analysis, useful when clerical review of undecided cases is not feasible. The linkage of police and hospital datasets shows results that are not dissimilar to those found in other countries, with significant police understatement especially of cyclist and motorcyclist injuries. The addition of the third dataset identifies a large number of additional injuries and demonstrates the error of using only the two main sources for injury data. The study also underlines the risk in relying on the LincolnPetersen capture-recapture estimator to provide an estimate of the total population concerned. The data show that road traffic injuries are significantly more numerous than either police or hospital sources indicate. It is also argued that no single measure can fully capture the range of impacts that a serious injury entails. 
Introduction and Background
There are several reasons why traffic injuries are becoming more central to road safety policy. Firstly, significant progress has been made in reducing fatalities with many countries almost halving the number of fatalities in the last decade; however injuries have not declined as rapidly (Table 1) . Secondly, the social costs of injuries are very significant and at least as large as the costs of fatalities (Department for Transport UK, 2012a; Ministry of Transport New Zealand 2012; SWOV, 2014) . Thirdly, data on injuries are less reliable than on fatalities and are not comparable internationally; for example the number of injuries reported per fatality varies from 20 to 150 in OECD Countries (see Table 1 and Figure 1) . Fourthly, the larger number of injury crashes can provide statistically significant results for policy analysis of crash factors. Finally, the policy focus on fatalities may mean that cost effective policies to reduce injuries are not being given adequate attention.
( Table 1 and Figure 1 around here).
Defining and accurately counting road traffic injuries are well known problems (Haagsma et al., 2012; Cryer & Langley, 2006; Fingerhut, 2004; Langley & Brenner, 2004) . Difficulties with police injury assessments are also amply documented and the biases and understatement well evidenced (Jeffrey et al., 2009 ; Department for Transport UK, 2006; Alsop & Langley, 2001; Lopez et al., 2000) . A particular issue is the definition of serious injury which varies widely (International Transport Forum, 2012) . While clinical assessments, using the Abbreviated Injury Scale ( Association for the Advancement of Automotive Medicine, 2008; Gennarelli & Wodzin, 2006) or its derivatives provide more comparable results, these too are not without difficulties. Following research and reports in the European Union (European Commission, 2008) and the International Transport Forum at OECD (International Transport Forum, 2012) , a decision to adopt a definition of serious injury as those injuries with a maximum abbreviated injury score (AIS) of 3 or more (MAIS3+) as a European standard has been agreed. This will bring improved comparability to international data on serious injuries though issues of completeness and relevance will remain. Police and hospital data are generally the main sources for traffic injury data but there are also other sources including accident and emergency cases, insurance data and household surveys. Combining different sources of data and assessing the significance of missed data are key challenges. The tools available include record linkage to combine sources and capture-recapture to make estimates of the unknown missed populations. This paper explores record linkage techniques and their application using three data sources in Ireland. The data are from police, hospitals and the Injuries Board, an additional source that deals with claims for injury compensation. Section 2 describes the method of record linkage and its application to road crash data. A problem in record linkage is to determine thresholds for deciding on matches and non-matches. A method is suggested which has some advantages over usual methods. Section 3 describes the data available in Ireland and their limitations. In Section 4, the results are presented from the linkages carried out. This section also contains a brief discussion on capture-recapture and in particular the use of the Lincoln-Petersen estimator. Finally, Section 5 discusses the limitations of this work, summarises the main conclusions and examines some policy issues that arise from the analysis.
Methods in Record Linkage

Background and Applications in Road Safety
Record or data linkage involves bringing together corresponding records from two or more files (Winkler, 1999) . According to Felligi (1997) , it began in the 1960s, with the production of large files about individuals in different domains, as well as the increased role of government in data collection and analysis and the rapid development of computer technology. The use of record linkage in road safety research and practice is relatively recent and has served different objectives. It has been used (usually together with capture-recapture) to make estimates of police underreporting of fatalities and to make estimates of the number of injuries. The International Transport Forum (2012) cites 16 Countries where the technique has been used in road safety. Papers from France (Amoros et al., 2007) , and the Netherlands (Reurings & Stipdonk, 2011) are examples. The UK Government uses this method to calculate the social costs of crashes (Department for Transport UK, 2012a) and New Zealand uses it as a benchmark for the police as well as in the calculation of social costs (Ministry of Transport New Zealand, 2012) . The method can contribute to a better understanding of the crash problem; specifically the combination of information from different sources can be a valuable research resource on crashs and their consequences.
Classical and Bayesian Approaches
The original insights of Newcombe et al. (1959) were given a solid mathematical foundation by Felligi and Sunter (1969) . The starting point for their paper is the division of the set of pairs, one from each of the two sets to be linked, into sets M and U of matches and non-matches. M and U are not known and the task is to find decision rules to decide if pairs can be deemed to be matches or non-matches. A comparison vector ϒ is formed for each pair of records, one from each set. The comparison vector consists of 1s for a link and 0s for a non-link on each of the variables being compared. A linkage rule divides the space of comparison vectors into three categories-A 1 , deemed matches, A 2, possible matches and A 3 non-matches. Felligi and Sunter (1969) set out the circumstances under which a linkage rule can meet the conditions of satisfying the two predefined levels of statistical error μ= P (A 1 |U) and λ=P (A 3 |M).
To do this, all possible pairs from the two sets are ranked in descending order of the ratios (called likelihood ratios) of the two conditional probabilities, the probability that a pair linked on a variable is a true match divided by the probability that a pair linked on that variable is not a true match. These conditional probabilities are conventionally known as m and u probabilities (Clark, 2004) . This ranking of likelihood ratios and predetermined statistical error levels lead to two thresholds, a higher and lower, which determine membership of the sets A 1 , A 2 and A 3 . Pairs whose likelihood ratios exceed the higher threshold are deemed matches and those below the lower threshold are considered non-matches. Likelihoods between the thresholds are considered as possible matches and are reviewed clerically.
The assumption that the variables being compared can be treated independently allows the likelihood ratios to be calculated for each variable separately and multiplied. Using logarithms to base 2, Newcombe et al. (1959) calculated weights for each pair, as the sum of the logs of the likelihood ratios. This practice has been retained, for example in the computer programme used here (Linkage-Wiz, 2013 ) even though it is not mathematically necessary.
The decision thresholds emerge from the predefined acceptable levels of statistical error. However, once these are defined, the size of the set of possible matches, the indeterminate set A 2 , can be of impractical size. Then, judgements about the data as well as the possibility to verify the true status of links become important. In the linkages undertaken in the present work, and in much research work, there is no information additional to that in the records. Clerical review of uncertain cases cannot provide further indications on whether a true match is more or less likely than indicated by the probabilistic calculations. For practical purposes then, the ineffectiveness of clerical review often requires a single threshold for scores, above which a pair is deemed a match and below which it is deemed a non-match.
Decision Rules for Matches and Non-matches
In the road accident literature, a way to deal with the problem of a decision rule has been to use ''matching standards" Examples include Razzak & Luby (1998) , Morrison & Stone (2000) and Department for Transport, UK (2012) . This involves using a range of possibilities for the number of true matches on the basis of the number of variables that are linked. So different matching standards can be applied and tested, for example, for no variable unlinked, one variable unlinked, two variables unlinked and so on. The advantage of this method is that it can help provide orders of magnitude for matches and can show approximatively how the matching results would vary depending on the different standards applied. However, there are disadvantages too. The main one is that a non-link on one particular variable is not the same as a non-link on another. Some of the variables are strong discriminators and a non-link on such variables is different in probabilistic and practical terms. Treating them the same inevitably loses information. However, the method can be completely consistent with theory if the matching standard variables are selected in order of declining likelihood.
Here a further method is proposed. It is based on a Bayesian approach, not explicitly mentioned by Newcombe et al. (1959) or Fellligi and Sunter (1969) . It is similar to the classical method but has the advantage that, on using a prior probability of a match, it provides a simple method to estimate the posterior, that is, actual probability of a match.
Using the odds form of Bayes' theorem and following Clark (2004) , the posterior odds of a true match is the prior odds times the product of the likelihood ratios. This allows calculation of a direct relationship between the weights as defined above and the posterior probability (P) as:
Posterior odds = Prior odds * 2 S , where S = Equation (1) with the and values being the conditional probabilities of links given a match and non-match respectively over the k linkage variables, and the logs are taken to base 2.
Since the posterior probability P = Posterior odds/ (1+posterior odds), the scores from the linkage model output can easily be converted into probabilities. Consider now the ranking of pairs by descending values of the posterior probability instead of descending values of the likelihood ratios. This ordering is identical to that of the likelihood ratios (because the ranking of c L /1+cL is the same as that of L where L is the likelihood and c is the prior odds).
In any linkage exercise, the maximum number of true matches is the number in the smaller dataset. Suppose this number is M. Let the linking process be undertaken so that linked pairs are the best possible, in the sense of having the highest posterior probabilities. Once pairs are linked, they are not considered for further links. The process continues until M pairs have been listed. Now consider the posterior probabilities p i (i=1….M) ranked from the highest to the lowest over the maximum total number of possible true matches, M, as illustrated in Figure 2 for the police and hospital linkage. The challenge is to decide on how many of these M pairs are likely to be true matches. The answer depends on the probabilities-the higher the probability the more likely that a pair is a match. If the first pair (or the first group of pairs) is a true match with probability p 1 then the expected number of matches is p 1 (or kp 1 if there are k values of p 1 ). So for example, if there are say 1000 pairs with p =0.999 then the expected number of matches is 999. Similarly with p 2 and so on down the list. The total expected number of matches will therefore be , the sum of the posterior probabilities.
This number is clearly less than M, say n to the nearest integer. Now select the first n pairs from the list, ranked in order of descending probability. This is a "best" set of matches in the sense that any other set of the same size would have at least one pair with lower probabilities. Moreover, any smaller or larger set would not have the correct number of expected matches.
This method has the advantage of providing an estimate, n, of the number of matches as well as a dataset for analysis. Such a dataset is a practical solution, which allows analysis of specific overlap groups, improved understanding of the structures of the injured population and has additional information when variables from one set are combined with variables from another for the same individual. If the aim is to avoid false positives, for example to carry out an analysis of perfect matches, then the cut off can be made earlier. If the aim is to avoid false negatives, a cut-off point lower down the list can be taken. This can be equivalently stated in terms of statistical errors. For a lower type 1 error (i.e. fewer false positives) select a higher probability breakpoint; for lower type 2 error (fewer false negatives) select a lower probability.
A closing comment on the prior probability; the prior probability is the probability of a match by chance between the two given datasets. For example, if there is a belief that about 10K records match from datasets of 50K and 40K, then the prior probability is the estimated number of matches divided by the product of the two file sizes, that is 10K/(50K*40K)=0.000005. When the linkage programme is run, the number of matches can be better estimated and the prior probability refined, a valuable feature of the Bayesian approach.
Statistical Errors
The statistical errors are determined by the method of dividing the pairs into matches and nonmatches with no intermediate set of possible matches and by the sizes of the m and u factors, the conditional probabilities of matches or non-matches. Broadly, the greater the m values (the nearer to 1 they are) the more likely it becomes that linked pairs are true matches. So high m values reduce the number of false negatives. Similarly, for the u values, the closer to zero they are, the less likely that matches occur purely by chance. And small u values reduce the probability and the number of false positives. For example, date of incident and age with u values of 0.001 and 0.01 respectively, have strong discriminatory power in the linkage.
The method above to create a single dataset allows also an intuitive and simple method to calculate statistical errors. The set A 1 , the links defined as matches, is the set of the n largest values of , which are the first n pairs from the monotonically decreasing sequence of probabilities. The set A 3 , the set of non matches, consists of all other pairs, but specifically the pairs in the monotonically decreasing sequence of after the nth pair on to the M th . Using this notation, a credible interval for the number of matched pairs is calculated and then estimates are made of the number of false positives and negatives.
Credible (confidence) interval for the number of linked pairs:
The the posterior probabilities of a match, are independent binomial probabilities and the variance of each is Therefore, the variance of the number of matches , V (n) is given by (2) and a 95% credible interval is given by: (n-1.96 , n + 1.96 ).
Expected number of false positives and false negatives:
Let E (FP) be the expected number of false positives and E (FN)) be the expected number of false negatives. A false positive occurs when a pair is in A 1 when it is unmatched. The probability for any pair i in A 1 to be unmatched is 1-p i . The expected number therefore is the sum of these probabilities over the set A 1 .
So E (FP) = ). Equation (3) A false negative occurs when a pair is in A 3 when it is matched. For each pair i in A 3 , is the probability that it is matched. So the expected number of false negatives,
It is seen that in this method the number of false positives and negatives are equal and equal to the sum of the probabilities of not being a match over the set of n pairs in A 1 .
Record Linkage of Three Datasets
Linking three datasets is less common and different methods to do so are obviously possible. Here, the following procedure was followed. The datasets were first cleaned and then linked in pairs to find and identify matches using the software available (Linkage-Wiz, 2013) . Then, for each pair of datasets a "best" set of links was defined in the manner described in Section 2.3 above. This gave three sets of pairs of likely matches. In the second step, these three sets of matched pairs were combined and filtered for triples. Triples occur when, for example, a police case is matched with a hospital case and separately with an Injuries Board case. Putting these triples together gives the cases that are in all three datasets. In consequence, the three sets of pairs are divided into either matched pairs or triples. In the final step, the unmatched records from the three original sources are added to the file of unique doubles and triples, and needed variables are transferred to the retained case record. In the resulting dataset (which will be called the Combined Injuries Dataset) each case refers to a single individual and the data for this individual contains the relevant information from each of the original data records. Note that the second stage of the matching was carried out using unique record numbers only and did not use the variables on the individual records. It is thus a deterministic method and was carried out using SPSS software.
Data Sources and Linkage Variables
This paper uses three data sources-police, hospitals and the Injuries Board. For each source, individual anonymised data were available. Police and hospital data were obtained for the years 2005-2011 and for the Injuries Board data were available only for the years 2010-2011.
The three data sources separately provide valuable comparative information on aspects of the injury problem. The data show different structures and composition by age, gender, county and severity. The large size of the Injuries Board dataset indicates immediately the limitations of relying only on police and hospital data. However, the main aim in this paper is not to analyse these data separately but to analyse them together in a single dataset and this is done for police and hospital data over the period 2005-2011 and for the three sources for the years 2010-2011.
Police Data
As in many countries, police data in Ireland are the principal and official source of crash and injury data. The difficulties of collecting data at accident scenes are obvious and the risks of inaccuracies are compounded by the fact that the data are later telephoned to a call centre where they are entered into the police database. The process has suffered from delays in transferring the data to the Road Safety Authority who are responsible for publishing the results. Limited editing and consistency checks are undertaken with the result that there are several data fields with incomplete or inconsistent answers. The data cover all police-reported accidents over the period 2005 to 2011. In relation to injuries, it is the police assessment of minor or serious injury on the scene that is used. The definition of serious injury in Ireland is "…an injury for which the person is detained in hospital as an 'in-patient', or any of the following injuries whether or not detained in hospital: fractures, concussion, internal injuries, crushings, severe cuts and lacerations, severe general shock requiring medical treatment." (RSA , 2013) . Police data are collision based so that each data line contains all the information on a crash and the individuals involved; for this analysis, the collision-based data were converted to individual data to allow the matching with the other datasets to be carried out. In 2014, improvements to the data collection and transfer process were introduced and it is to be hoped that this will result in improvements in data quality in future.
Hospital data
Hospital discharge data in Ireland covers around 90% of hospital admissions (Economic and Social Research Institute, 2013 The data contain no unique personal identifiers, like names, addresses or social security numbers. Hospitals have specialised staff to undertake the clinical and other coding. There is a set of coding manuals, instruction booklets and regularly updated information leaflets on the coding (Healthcare Pricing Office, 2015) . The hospitals forwarded the data electronically to the ESRI, where a unit undertook the compilation and verification of the data.
The statistical unit in hospital discharge data is an episode of care. An episode begins on admission and ends at discharge or death. The same person may have more than one episode for the same incident and therefore the number of episodes of care overestimates the number of people involved.
Transport accidents, consisting of emergency cases coded with a "V" code in the World Health Organisations International Classification of Diseases, 10th edition (ICD-10), (WHO, 1990) are selected from the hospital discharge data. The V code is one of the codes used for injuries due to external causes and gives details on the mode of transport involved and on the type of accident. The codes are detailed (for example, codes V00 to V09 are for pedestrians, V10 to V19 for cyclists and so on) and can have up to five characters, giving the mode, the type of crash and with an important categorisation being whether the incident was a traffic or a non-traffic accident. External injury cause appears to be reasonably well coded in Ireland and there are about 5% of hospitalised persons with injury codes that have an external cause that is not stated or is in the residual category "exposure to unspecified factors" (code X59). It is thus believed that the dataset used contains most of those involved in transport accidents. A method to estimate the numbers in the different external cause categories from the injury descriptions has been proposed by Bhalla et al. (2008) . But given the relatively small number of such cases this was not deemed necessary in the present study. The hospital data has about 30 variables with administrative, demographic and clinical information for discrete episodes of care. Preparing the hospital dataset for analysis included the following steps; restricting the dataset to injuries by excluding fatalities that occurred up to 30 days after admission; restricting the data to emergency in-patient episodes; limiting it to admissions in the period-not discharges -as is used by hospitals and finally eliminating additional episodes of care for the same injury. These additional episodes were found (after a series of tests on different options) by matching on key variables, age, gender, county of residence and principal diagnosis to one digit ( e.g. S3), and a gap of no more than two days between the discharge and hospital re-entry. These procedures led to the reduction in the file from 45,698 cases to 40,822. Of these, almost 1,000 (2.2% of the original dataset) were estimated to be additional episodes of care for the same incident. The additional episodes of care were eliminated and the length of hospital stay accumulated on the retained data record. This elimination of duplicate episodes of care is a separate exercise from the record linkage and was carried out using an SPSS programme.
A further data issue concerns the nature of the transport accident. As mentioned, the ICD-10 V codes make a distinction between a traffic accident and a non-traffic accident. A traffic accident is one that occurs on the public highway and that therefore could appear in the police reported data as it would correspond to international norms for transport statistics (UNECE, 2009). The distinction between traffic and non-traffic accident occurs at the fourth or even fifth character of the ICD-10 V coding. The descriptions are complicated (for example, code V192 is for '' Unspecified pedal cyclist injured in collision with other and unspecified motor vehicles in non-traffic accident'') or the appropriate category is not obvious( for example, code V198 is for "Pedal cyclist [any] injured in other specified transport accident") and evidence of miscoding was found. As an example, in Ireland almost two thirds of cyclist hospitalisations are categorised as non-traffic accidents. This is far higher than in the United Kingdom (Department for Transport UK, 2012a) and is illustrated by the following: the ICD-10 codes V180 to V182 concern cyclists in non-traffic accidents. V180 is the code for cycle riders in non-traffic accidents; V181 for cycle passengers in non-traffic accidents and V182 is for unspecified cyclists in non-traffic accidents. Code V182 has over 1,500 cases and it seems strange that coders are unsure whether the person was a cyclist or a passenger but were sure that it was not a traffic accident. (Short and Caulfield, 2014) . Similar problems with coding traffic and non-traffic accidents were found in Kudryavtsev et al. (2013) Moreover, in the record linkage results described in Section 4, some of these supposedly non-traffic accidents are matched with police recorded crashes. Since the ICD-10 coding instructions indicate that the default option is a traffic accident, this issue merits a review at hospital level. The decision here was to retain for initial analysis all transport accidents and make distinctions between traffic and transport accidents where appropriate. This decision would appear to be least justified for some of the V categories like V80-V89 which concern vehicles generally used off-road and for V90-V99 which are residual categories. However, the doubt about coding accuracy persisted with these categories and in particular with the V98 and V99 codes which are often used in the hospital coding. Matches with police cases were found in many of these categories, which is a justification for the decision to retain all V cases for analysis. Clearly, in future, once hospital coding has been reviewed, more specific decisions on exclusions can be taken.
Injuries Board data
The Injuries Board (IB) was set up in 2004 in response to concern about the high costs of injury claims and insurance in Ireland. While the concern was mainly about road crash claims, the Injuries Board was given a broader mandate covering also work related and public liability injuries. This study focuses on the road crash claims only.
The system is a "fault" one where a claim is made by a "claimant" against a "respondent'', -usually represented by an insurance company. Each claim has to be submitted with a payment (€45 refundable) and a medical report from a doctor confirming the injuries. The assessment by the Injuries Board of a claim leads to a number of possible outcomes, such as the payment of an agreed sum or the rejection of the offer by one of the parties, when litigation can be pursued outside the responsibility of the Injuries Board. A person injured in a road accident who is not at fault and wishes to obtain compensation must apply to the Injuries Board if they are unable to agree settlement with the respondent. The respondent can accept or refuse Injuries Board arbitration. The system is separate from the motor insurance business but many injury insurance claims are settled through the Injuries Board. The number of injury claims that do not go to the Injuries Board is not available as the insurance industry do not publish it.
For this study, the Injuries Board supplied anonymised individual data on motor claims for the years 2010 and 2011. There is no formal definition but according to the Injuries Board motor claims typically involve a road traffic accident involving one or more vehicles (Injuries Board, 2015) . The work related and public liability claims were not included in the data file provided by the Injuries Board. This exclusion may mean that a small number of traffic related incidents are not included, for example if a claimant takes a case against a local authority, for example for defective infrastructure, rather than another road user. These are not distinguished separately by the Injuries Board and could therefore not be included. Finally, accidents involving professional drivers or those driving for work purposes would be included as motor cases. The data fields are; the date of the incident, the date of closure of the file, the size of the award, the date of birth, gender and county or city of residence of the claimant. No information was available on the nature of the incident.
The two more significant problems with the IB data concern the limited amount of information that is collected and the specific data field on the size of the award. In relation to the first issue, to improve the usefulness of the data in future, coding of the incident and the modes involved (for example using the ICD-10 V codes) would provide very useful additional information. At present the dataset contains no clinical or other medical indication and since there is a medical assessment of each case there is the potential to make a direct link to clinical severity measures through coding at least a sample of the injuries to ICD-10. On the second issue, the category "no award" does not necessarily mean that no compensation was paid, only that it was not paid by the Injuries Board.
This means that using the award size as a measure of injury severity is imperfect and may be potentially biased.
The Injury Board dataset brings new insights to the traffic injury problem, and specifically the identification of a set of additional traffic injuries not seen in police or hospital data. The number of injury claims is far larger than the number of injuries in these other sources and therefore gives new indications on the real size of the accident problem. While many claims may be for minor injuries, a significant number are serious and have considerable financial and other costs for the individuals and for society. The compensation awarded by the Injuries Board amounts to around €150 million per annum (Injuries Board Ireland, 2013) with an average payment of over €20,000. However, the numbers are affected by administrative and other factors affecting claims like public knowledge and opinions on the scheme and the influence of legal professionals in encouraging or supporting claims. For example, the number of injury claims has been rising (Injuries Board Ireland, 2013) while both police and hospital numbers have been falling.
Summary of Data Sources
The datasets from the police, hospitals and Injuries Board are each subsets of the set of all people injured in road accidents. These datasets are obtained in quite different ways. Firstly, policereported injuries depend on the injuries being known to and compiled by the police. The assessment of injury in police-reported data is subjective, based on observation and experience, statements from those involved and the formal guidance on what constitutes a serious injury. Secondly, hospital admissions are influenced by supply side factors as well as personal characteristics like age and gender, the circumstances of the patient and the nature of the injury. Finally, the Injuries Board data are self-reported injuries and are also influenced by external factors. In addition, Injuries Board claimants require a respondent--someone alleged to be at fault for the injury. This results for example in the exclusion of single vehicle accidents where fault is entirely with the driver, a category that can appear in both police and hospital data. In summary, the definition of an injury in each dataset is different and moreover, it is entirely possible that clinically identical injuries could be included or excluded from each dataset. The conclusion is that the basic statistical unit cannot be rigorously defined for any of the groups. Presence in the dataset is the defining characteristic. This is a feature of injuries data which originate from different sources and is one of the challenges in analysing them.
Linkage Variables
The record linkage variables are the date (the date of the incident for police and IB data and the date of admission for hospital data), gender, age, county and mode. The linking variables differ slightly between the datasets. Age was available in years only for the police data; year and month of birth was available for the Hospital data and IB had full date of birth. Date of birth for hospital patients is assigned to the 15 th day of the month of birth. This is for data protection reasons, where Ireland has strong legislation. This means that age for truly matched pairs can differ by one in some cases. In linkages involving police data a one-year age difference was also accepted. The location variable is county and this was county of residence for hospital and Injuries Board data but county of crash for police data. These are the same in over 85% of cases but this problem reduces the power of this variable to discriminate. It was not possible to link crash locations to hospitals as the hospital data is not available at hospital level and no more refined location variable is available. In the linkages, hospital admission was accepted one or two days after the crash. Table 2 summarises the variables used for the three linkages.
( Table 2 around here)
The large number of records means that a linkage is feasible using Jaro's criteria (Jaro, 1995) . Essentially, this requires that the number of different possible combinations over the variables being linked is greater than the total number of records; this is clearly the case as there are about 65 million possible combinations (2 for gender, 100 for age, 26 for county, 2,500 for date and 5 for mode) and around 100,000 records. The linkages followed the procedural recommendations of Hook & Regal (1999) . A refinement to the matching programme adapted some u probabilities for specific age groups, lesser used modes and smaller counties with lower probabilities of being linked by chance.
Two sets of linkages were undertaken. Figure 2 . The number of links for a specific variable can be calculated, for example, at record numbers 5,000, 10,000, 15,000 and 20,000 on the file of potential matches between the police and hospital data. The m values used were those at record 11,509. As an example, the m value for age in the police-hospital linkage is .917 as 91.7% of the records matched on age over the first 11,509 values on the probability list. The matching process used added a refinement to the u values (the probability of a link by chance) for specific categories. For example a match on one of Ireland's smaller counties is less likely by chance than for one on Dublin, the largest and the u probabilities were amended to reflect this. This gave more precise posterior probabilities for specific categories of cases. Table 4 presents summary information on the results of the record linkage between police and hospital data over the period [2005] [2006] [2007] [2008] [2009] [2010] [2011] . The table shows, in the first three data columns, for the different road user categories, the number of cases in the police and hospital datasets as well as the number of matches as calculated by the method set out in Section 2.3 above. Then the aggregate number of distinct cases, which is the sum of the number of police and hospital cases minus the number of matches, is shown. In the final four columns the match rates and ascertainment rates are shown. The match rates give for each dataset the share of the dataset that is matched and the ascertainment rate shows the share of the total number of identified cases accounted for by each of the datasets. It is an indicator of the degree of understatement in each dataset.
The aggregate number of distinct cases is 88,097 made up of 58,784 from the police dataset 40,822 from the hospitals minus the 11,509 matches. The number of matches is equivalent to 19.6% of the police file and 28.2% of the hospital file. Though precise comparisons are not easily made between countries, international experience confirms matching rates of these orders of magnitude (Department for Transport UK, 2012b; European Commission, 2008; International Transport Forum, 2012) . (Table 4 around here)
For several categories of road user, the differences in the matching rate from the average are statistically significant (with the large sample sizes, differences of over 2 percentage points from the average are statistically significant at the 95% level). Looking first at the police matching rates, (that is the proportion of police-recorded cases that are matched with a hospital case) the highest is for serious injuries where over 50% are linked. Males, cyclists, motor-cyclists and pedestrians, those aged 0-14 or over 65, cases in Cork, Wexford and Donegal all have higher matching rates than average. And those in Dublin, females, other modes and those aged 25-34 have lower matching rates.
For hospitals, the highest matching rates are seen for pedestrians, car occupants, those in traffic (as distinct from non-traffic) accidents, those with clinically serious injuries, people from 35-44 and cases in Cork. Very low rates are seen for cyclists; other modes and those aged from 0-14 also have low matching rates.
Cyclists illustrate the differentials in matching rates most strikingly, with only 8% of the hospitalised cyclists being matched with a police recorded injury. As argued by Short and Caulfield (2014) , this is evidence of a weakness in cycling policy because the official data seriously understate the risks involved. Car occupants provide a different example. Hospitalised car occupants are more likely to be matched with police-recorded injuries than other modes except for pedestrians. In contrast, police-recorded car occupants with injuries are less likely to be matched to hospital patients than other categories of road user. This shows that there are many car occupant injuries which do not result in hospitalisation and also that a higher proportion of hospitalised car occupants have been reported to the police. This illustrates how police are more likely to attend, and report on accidents involving cars than cycles or motorcycles.
The different match rates for the traffic injury variable (as distinct from the non-traffic variable as defined by the V codes discussed in Section 2 above) do show that there is a significantly higher match rate for traffic accidents. However, if the coding of traffic and non-traffic injuries were correct there would be no matches, as non-traffic accidents would not appear in the police data. This is therefore a confirmation of the V coding problem identified above. Table 4 show the ascertainment rates, the share of the aggregate of the two sets accounted for by each dataset. This rate pertains only to the two datasets and does not make any estimates for injuries outside the sets. For police, the highest rates are for car occupants and pedestrians and lowest for cyclists, motorcyclists, those under 14 and over 65. For hospitals highest ascertainment rates are for cyclists, motorcyclists, those 0-14 and over 65 while the lowest are for car occupants, those from Dublin, persons from 35-44 and females. The high hospital count for the 0-14 age group is partly explained by the fact that many are admitted to hospital for observation only. In fact, 68% of those aged 0-14 remain in hospital for 1 day or less.
The final columns in
The linkage shows how a significant number of those hospitalised are not recorded by the police. Over the period 2005 to 2011 there were 5,200 people who were classed as seriously injured clinically (MAIS3+) who were not reported to police. This number is roughly the same as the total police-reported number of serious injuries over the period. In addition there were 17,600 hospitalised people (with MAIS<3) and a further 6,800 hospitalised people without a clinical severity rating who were not reported to the police. This latter fact is because the mapping from the ICD codes to the AIS (European Centre for Injury Research, University of Navarra, 2006) does not assign an AIS value in around 20% of the cases.
Though Irish law (Irish Statute Book, 2015) requires that vehicle accidents involving serious injuries be reported to the police, the evidence here is that a significant number are not reported. The total of almost 30,000 people hospitalised but not recorded by the police over the seven year period is an illustration of the additional cost of road traffic accidents for society beyond those indicated by official data. It also underlines how the extent of the injury problem cannot adequately be measured unless account is taken of different data sources.
In relation to accident severity, police-reported serious injuries declined by 54% over the period. Over the same period serious injuries of those hospitalised declined by 25%. When police-reported severity is compared to clinical severity for those in the overlap set, it is seen that 18% of policereported minor injuries were classed as MAIS3+ in 2005 and 27% in 2011. If clinical severity coding did not change over the period this therefore is an indication that police reporting of serious injury may have changed, with fewer similar injuries being classed as serious (MAIS3+) in 2011 compared to 2005. This finding echoes Jeffrey et al. (2009) and Gill et al. (2006) for the UK. The conclusion for Ireland is that the police recorded number of serious injuries is neither an accurate measure of the extent of the serious injury problem nor a reliable indicator of the trend.
In summary, record linkage of police and hospital data shows matching rates of less than 20% of police records and less than 30% of hospital records. These rates vary by road user category but exceed 50% only for seriously injured police reported cases. Police reported injuries to persons under 14 or over 65 are more likely to be linked to a hospital patient than those in other age groups. Pedestrians and hospitalised car drivers and passengers are more likely to be linked to a police recorded crash than other road users.
A confidence interval and statistical errors for the police-hospital linkage over the period 2005-2011 can be calculated using the theory described in Section 2.4. These are as follows: E (No. of matches) = i =11,509; i =10,039 and i q i =2,108.
Using the normal approximation, a 95% credible interval for the number of matches is therefore: (11,509-1.96 -11,509+1.96 ) = (11,419 -11,599) And the expected number of false positives and false negatives are: E(FP)= E(FN)=11,509-10,038=1,471.
With the data in this study the statistical errors are large, with the number of false positives and false negatives each equivalent to almost 13% of the matched file. This is a reflection of the earlier discussion on the variables used and their accuracy. On the other hand, the confidence interval may appear to be quite narrow given the relatively large number of false positives and false negatives. It is due to the fact that the variance is small compared to n because many of the p values are near 1 and is very small (e.g.99*.01=.0099) with each therefore making a small contribution to the total variance. As pointed out by Brenner (1994) , the false positives and false negatives also tend to cancel each other out.
In summary, the data show that a significant number of people (almost 30,000,equivalent to nearly 50% of the police-recorded total) were hospitalised for transport accidents over the seven year period but were not recorded by the police. Of these, over 5,000 were clinically assessed as being seriously injured. This underlines how official data understate the true extent of the injury problem.
The following section develops this idea further by looking at a third source of data on transport injuries.
Linking Three Datasets
The probabilistic process described at Section 2.3 above to match police and hospital data was applied also to match police and Injuries Board data as well as hospital and Injuries Board data. Then these three sets of pairs can be combined to analyse the matches and overlaps between the three datasets. This allows the construction, from the three basic datasets, of a single dataset where each case is an injured individual who is in either one, two or all three of the original datasets. This dataset, the Combined Injuries Dataset, provides a set of unique individual injury cases from the original three datasets.
The process to generate this dataset is as follows. Starting with the three datasets for the years 2010-2011 from the police, hospitals and Injuries Board the Linkage-Wiz matching programme and the probabilistic method described at Section 2.3 is applied to these datasets in pairs. This gives three sets of pairs of ''best'' matches. Table 5 shows the data and the numbers of matches or overlaps obtained including the M (the size of the smaller dataset) and n (the estimated number of matched pairs) values from Section 2.3. The table also shows how the prior probability can be revised based on more precise estimates of the number of matches. (Table 5 around here) In the next step, the three sets of generated pairs are combined and filtered for duplicates. Duplicates occur when for example a police case is matched with a hospital case and separately with an IB case. Putting these together gives the set of the individuals in all three datasets. In the final step, the original files from the three sources are added to the file of those in two or three datasets, duplicates eliminated and needed variables are transferred to the retained case record. In the resulting dataset (the Combined Injuries Dataset) each case refers to a single individual and the data for this individual contains the relevant information from each of the original data files. Figure 3 illustrates the results from the linking of the three datasets for the period 2010-2011. The addition of the Injuries Board data to the two other sets identifies a large number of additional injuries. This additional set has a match rate (or overlap) equivalent to 30% of the police data but only 6% with the hospital data. This is an indication that many of the injuries are minor ones; nevertheless they are all certified by a doctor and, on average, a compensation award of over €20,000 is paid. While there have been allegations of fraud and claims farming (Injuries Board Ireland, 2013) there can be little doubt that the social and economic cost of these injuries is significant and they need to be taken into account in an assessment of the impacts of road traffic. The compensation paid is not a full measure of this impact but amounts to around €150 million annually. The total number of distinct persons injured between the three sources is nearly 49,000, significantly more than in the police and hospital datasets combined and more than three times the official published figure. ( Figure 3 around here) The Combined Injuries Dataset allows analysis of the total number of injuries by gender, age, location, the number of dataset appearances and injury severity. Table 6 shows these aggregates and the ascertainment rates for the three datasets. Persons appearing in all datasets compared to those in just one are more inclined to be male (62% against 54%), to be slightly older (35 years old compared to 33, with 9% over 65 compared to 5%) and are much more likely to be pedestrians (24% compared to 5%). This latter point suggests that if police are called to a pedestrian accident, it is relatively more likely to involve hospitalisation and a compensation claim.
( Table 6 about here)
The ascertainment rates (the shares of the totals accounted for by each of the datasets) show how this third source dominates the others; the rates for the police and hospitals are less than a half of the figures seen in Table 4 . This illustrates the risk of assessing injuries only on the basis of the two main sources. The ascertainment rates vary by road user group with the Injuries Board rates being higher for females, for those of middle age and those in Dublin and lower for the youngest and oldest age groups. The hospital and police rates reflect the earlier discussion on the two dataset linkage except that the new rates are much lower because of the addition of the third dataset. The greater predominance of females and people aged from 35-54 in the Injuries Board data may, tentatively, be interpreted as a tendency for these groups to be less at fault for accidents than some of the other groups more predominant in police data. The significance of the oldest and youngest age groups in the hospital data illustrates at least partially, the tendency to admit these people to hospital for observation.
Comparing severity between the datasets is not directly possible as no single measure applies across the datasets. The different measures -a serious injury as assessed by police at the scene, Maximum Abbreviated Injury Score (MAIS) and length of stay (LoS) for hospital patients and size of compensation award for Injury Board claimants can indicate more severe injuries in each of the datasets. For the different measures, a threshold to define an injury as serious is needed. Police data already has the serious and minor categorisation and MAIS3+ is an internationally accepted breakpoint for clinically coded injuries. Length of stay (LoS) is set at 6 days or more (LoS6+); this is used in several countries as the definition of a serious injury (International Transport Forum, 2012) . For the Injuries Board data, a threshold of €20,000 is used and injuries for which awards are above this level are defined to be serious. This is not an insignificant amount, and, for example, it is close to the annual disposable income per person in Ireland (Central Statistics Office, Ireland, 2014) . When the same individual is in more than one dataset, the different severity assessments can be compared. Table 7 summarises the results showing how the different serious injury indicators are correlated but by no means fully so. For example, a hospitalised person with a police reported serious injury has an equal probability of being classed as MAIS3+ or MAIS<3. A hospitalised person seems to have a larger chance of getting a large compensation award with a MAIS<3 than with MAIS3+ as does a person with a minor rather than serious police reported injury. However, this should be treated with care because of the risk of biases in the Injuries Board data because of the zero award category. In each of the overlap datasets, between 30% and 40% of the total cases are shown to be seriously injured by one measure and not seriously injured by the other. (Table 7 around here) A composite severity measure, which defines a serious injury as one that is serious by any of the measures, can also be analysed. This composite measure (called Bad Injury) shows in Table 8 how the likelihood of appearing in more than one dataset increases with the severity of the injuries. It shows also that, by this measure, there are about 5 times as many people seriously injured compared to police-reported data. This is illustrative of the complexity of the injury problem, underlining how any single measure will not capture the full range of impacts. (Table 8 around here)
Capture-recapture Estimates
Capture-recapture methods are used to estimate population sizes from a number of samples of the population (Amstrup, 2005; ITF, 2012) A wide variety of models are available and there is an extensive literature especially for estimating animal populations. In road safety research a simple estimator called the Lincoln-Petersen (L-P) is often used to estimate the total population of fatalities or injuries based on the records on two lists, usually police and a medical source. Examples of its use in safety research include Amoros et al.(2007) , Meuleners et al.(2006) , Tercero & Anderson (2004) , Morrison & Stone (2000) , Razzak & Luby (1998) . The four conditions for correct use of the L-P estimator are that the population is closed, that there is perfect identification of individuals, that the samples are independent and that in each sample the selection probability is constant (IWGDMF, 1995) . Under these conditions the population size is estimated by taking the product of the two file sizes and dividing by the overlap. Because of its simplicity there is a temptation to use the L-P estimator even though the conditions for its correct use may not be met.
Two illustrations of the risk of using the L-P estimator can be given from the from the data in this study. First, L-P estimates might be made of the size of the injured population using the police and hospital data from this study. These are shown in Table 9 for different subgroups of the population. Because this study includes a third data set there is a broader view of the total injured population as shown by the Combined Injuries Dataset which is the set of all unique injuries in the three datasets after applying record linkage. It is not a complete set of all injuries but it might be considered as a reasonable first approximation. The numbers in the Combined Injuries Dataset can be compared with the estimates obtained using the L-P estimator. The results are also shown in Table 9 . (Table 9 around here) First, notice that the totals in the Combined Injuries Dataset and the L-P estimates are actually reasonably close for the total and for some specific groups (for the year 2011, for females, for those aged 25-34).The L-P estimator overestimates the total in the Combined Injuries Dataset total by only 4% but the difference ranges from very large overestimate for some counties, through a 28% overestimate for 0-14 year olds to a 23% underestimate for those aged from 35-44. Though the aggregates are close, it can be seen that there are quite large differences in the components of these aggregates. The third dataset from the Injuries Board has different characteristics from the police and hospital data and the L-P estimator cannot pick these up. This lesson that the unseen cases may not resemble the seen ones has been forcibly underlined in the past, for example by Cormack (1999) and Cormack et al.(2000) .
A second illustration of the problems with using the L-P estimator is to consider the three datasets as samples from the injured population. Then taking the datasets in pairs, three separate (L-P) estimates can be calculated. Table 10 summarises the results, showing for each pair of datasets, the numbers in each set, the overlaps and the L-P estimator. Assuming data were available only from police and hospitals, the L-P estimator gives an estimated injured population of over 51,000 ( in the first line of Table 10 ). If the third source is included and the L-P estimator is calculated from police and Injuries Board data, the estimate of the total injured population doubles to over 100,000. When it is applied to the totals in the hospital and Injuries Board datasets it more than trebles to over 150,000. If the conditions for correct use of the L-P estimator were met (that the samples were independent random samples from the total population. (Hook & Regal, 1997; IWGDMF, 1995) .), then these estimates should all be the same. (Table 10 around here) Clearly, some assumptions underlying the correct use of the L-P estimator are not met. Specifically the assumptions on independence between samples and on homogeneous probabilities for each data set are not correct. From the linked data it has already been seen that certain characteristics in one dataset are associated with higher or lower probabilities of presence in another. The most clear cut example is of those seriously injured in police-reported crashs who are much more likely to be admitted to hospital. In the other direction, cyclists' presence in the hospital dataset is associated with a very low likelihood of being in the police dataset. The Injuries Board dataset is more likely to have urban residents and people aged between 35 and 64. This lack of independence also implies heterogeneous appearance probabilities.
Since the conditions for application of the L-P estimator are not met the true number of people injured could be more or less than the numbers indicated by the formula. In such cases, theory recommends stratifying the population into homogeneous groups and then applying the estimator to these groups (IWGDMF, 1995) . Injury severity is an obvious candidate for such stratification. However, this is not possible with the data used here as there is not a consistent definition of a serious injury across the datasets. An illustrative approach could be to use each dataset's definition of serious injury and then apply the L-P estimator. This is shown also in Table 10 and results in very different estimates of the number of seriously injured people. In short ,little credence can be placed on such calculations.
These examples demonstrate that the L-P estimator cannot be relied upon when the independence and homogeneity conditions are not met. The third dataset available here illustrates how it is not possible to make deductions about the total injured population from the police and hospital data alone. For three or more datasets other modelling techniques, which allow for heterogeneity within the samples and lack of independence between them as in the literature on animal populations (Otis et al. 1978; Pledger,2000; Chao 2001; Rivest and Baillergeon 2007; Huggins and Whang, 2011 ) might provide improved estimates but are beyond the scope of this paper.
Discussion and Conclusions
The following discussion examines first some limitations of the methods and data presented above. Then the results are summarised and some policy implications are drawn out.
Limitations
To the authors' knowledge this is the first attempt in Ireland to use record linkage to bring injury data from different sources together and to provide an assessment on the extent of the traffic injury problem. The three datasets provide significantly more information than official data and show how the scale of the injury problem is far greater than officially indicated. However, work to understand injuries is at an early stage and there are a number of data and other limitations to the work that need to be understood and remedied in the future.
The first group of limitations concerns the data. The datasets are obtained in different ways for different purposes. The statistical units used do not have unambiguous definitions. Moreover, individuals do not have unique identifiers and some of the variables available for comparison in record linkage are not ideal. However, there is scope to improve all three datasets to allow improved quality of matching. Specifically, if police data can provide full date of birth, the county of residence and can eliminate non-responses on key variables, there would be a significant improvement to the power of the matching process. Hospital data is already of good quality with a high completion rate and few obvious errors. A key improvement here will be to the coding of traffic and non-traffic cases. At present, including all V codes in the analysis overstates the true number of road traffic injuries. But excluding all accidents coded as non-traffic accidents would be incorrect. At present about 40% of hospital patients are categorised as non-traffic injuries. If these were all non-traffic accidents the aggregate in the combined dataset for the number of traffic injuries for 2010 and 2011 would fall by around 4,000 from 49,000 to 45,000. Without additional information the true number of non-traffic injuries cannot be known but based on the matching results it is unlikely to be more than 2,000. In any case these injuries are relevant in a general policy sense as they require public resources and have significant personal and social costs. More generally, understanding and dealing effectively with serious injuries will benefit greatly from improved trauma data and analysis. A review of trauma arrangements has been undertaken in Ireland (Deasy et al., 2016) and participation in the Trauma Audit and Research Network (TARN) as well as use of standardised templates like the Utstein template (Ringdal et al., 2008) should all contribute to this aim in the future. The Injuries Board is a relatively new data source and at present contains limited information. It is also subject to administrative influences and public knowledge on the system. For the future, Injuries Board data will be improved if the transport mode is included and some clinical coding is undertaken so that a clearer understanding of the severity of the injuries can be obtained. More clarity in the cases where no awards are paid by the IB would also help. These improvements to the three datasets will strengthen the linkages by increasing the m values (the probability of a link given a true match) and reducing the u values (the probability of a link given a non-match), thereby increasing the posterior probabilities and reducing both kinds of statistical error.
Each dataset has its own characteristics and biases. Bringing the three datasets together probably reduces these biases but since there is no 'gold standard' consisting of a true dataset of injuries it is not possible to say what biases remain. Injuries not reported to the police not involving hospitalisation and where no injury claim is made would still be excluded. One evident category that these could include is less serious single vehicle accidents. At present there are no other national datasets on injuries apart from the three analysed here. Other sources like general practitioners, Accident and Emergency units, Insurance companies or ambulance services could provide additional insights but there are at present no data from them.
The second set of limitations concerns the process to match the datasets. This process, particularly for the three datasets, is complicated, with its combination of probabilistic matching using a record linkage programme, enhancement to the matching and conversion of the scores into probabilities in order to select ''best'' sets and finally deterministic matching at the second stage to create the set of unique individuals-the Combined Injuries Dataset. Different matching software or a different combination of matching methods could possibly improve or simplify the process and could also give different answers. Tests on the sensitivity of the results to the weights showed that the results would indeed vary but not dramatically. The majority of pairs or triples deemed to be matches have high posterior probabilities and match on all, or all except one, or at most two, of the variables. Varying the parameters slightly does not alter most of these matches. Another programme or an improved matching process would, in all likelihood, generate a matched set with at least 75% ,and probably more, of the same pairs and triples.
The estimated numbers of false positives and false negatives for the 2010-2011 linkage are each over 10% of the size of the smaller of the two datasets. Reducing these requires especially better quality data on the existing variables as set out above. At present the linkages in the Irish case may be at the lower end of the scale internationally in terms of statistical precision because of the smaller number of comparable data fields and their weaker discriminatory power. Despite the high statistical errors, the confidence intervals for total matches are quite narrow and the numbers are probably a reasonable starting point for discussion and analysis.
Notwithstanding the data and process difficulties, record linkage provides useful insights. The Combined Injuries Dataset is a helpful construct when clerical review of potential matches is not possible. It is an addition to methods like the matching standards method used in the literature and allows analysis of a specific data set. It facilitated the second stage matching which would have been more complex without it. The method can work with the scores from matching programmes as long as these scores are correctly based on the m and u values from the data, allowing them to be converted into probabilities from the formula in Section 2. The matching is undertaken like sampling without replacement, where once a pair is matched it is not considered further. The statistical and matching implications of this need further study, possibly including simulations using other matching programmes. Different programme algorithms may give different results. But from the general discussion above, the majority of pairs would not be affected. But such work will be useful as matching of three or more sets is likely to become more common. It should be noted also that the Combined Dataset can also be adapted by restricting it, for example to perfect matches, thereby allowing analyses where false positives are unlikely.
Results
The rather complicated technical aspects of the linking should not result in sight being lost of the main points emerging from the analysis, which are rather robust. The police and hospital data over the period 2005-2011 indicate matching rates of about 20% of the police total and about 30% of the hospital total with significant variation between different categories. The total number of injuries identified between the two sources is over 88,000, 50% more than the official data. Police ascertainment of the number of injuries identified by the two sets varies significantly. The lowest is for cyclists where the police ascertainment rate is only 26% and the highest for car occupants where it is nearly 80%.
An illustration of the potential use of record linkage is illustrated in considering those seriously injured in the police and hospitals datasets. When the overlap sets are examined it can be seen that there is a growth in the share of police reported minor injuries that are classed as MAIS3+ and an increase in the likelihood of a police-reported serious injury being MAIS3+. This shows that the police severity measure is not consistent over time, and appears to be changing towards the inclusion only of more serious injuries (as measured by MAIS) but with significant misclassification of clinically serious injuries.
The third data source, the Injuries Board, identifies a large number of additional injuries not seen in police or hospital sources. These injuries show structural differences from the other datasets and this new dataset has a low overlap especially with hospital data. It contains more women, more people aged from 35-54 and has a more urban concentration. This third dataset demonstrates how using only police and hospital injury data results in a significant underestimation of the true total. The total number of injuries between the three sources is about 25,000 annually, over three times the number identified by police reports and five times the number hospitalised. The implications are that the injury problem is both significantly larger and structurally different than official figures show.
The analysis shows how reasonable definitions of serious injury can be made for each of the datasets used here. The linkages show that if someone is seriously injured by one measure the odds of being seriously injured by another increase. But these serious injury datasets by no means overlap and all possible combinations of people being seriously injured by one measure and not by another actually occur. This underlines that measuring serious injuries is complex and cannot be satisfactorily undertaken by a single measure.
The dataset provides a more comprehensive set of injuries than the traditional police-reported injuries or the less frequently used hospital or Injury Board data. Nevertheless, it does not include all traffic injuries, missing those not reported to the police and that do not involve a hospital stay or an injury claim. In Ireland, as in most countries, there are no comprehensive national datasets on injuries and the true total remains unknown.
Attempts to estimate the total number of injuries using capture recapture methods and in particular the L-P estimator are likely to be inaccurate. The independence and homogeneity conditions necessary for correct use of the estimator are not met and even stratification of the population into more homogeneous groups does not provide estimates that could be relied on. The extrapolation of characteristics of those in the existing datasets to those outside would not appear to be justified. The conclusion is that data from other sources are needed to obtain a reliable picture of the injury problem.
Implications for Policy
Road traffic Injuries are a subject of growing interest in road safety policy. But most countries do not have a comprehensive view of the extent and nature of the problem. International data are not comparable and at national level the different sources have problems of compatibility and completeness. Countries are at different stages with some already having extensive experience in combining data sources and sophisticated and continually improving systems to study them, for example in Sweden with the STRADA system (Howard & Linder, 2014) or the United States with CIREN data (Elliott et al, 2010) . However, many other countries, including Ireland are at an early stage in bringing different sources together and still rely entirely on the police for official injury data. In this sense, the present study can contribute to a process gradually to improve the data and better understand the problem.
There are also some more specific policy conclusions. The most evident is that police data alone are not a satisfactory way to measure the extent or nature of the road traffic injury problem. The hospital data identify additional and different injuries with limited overlaps. A key feature of the hospital data is the significant numbers of vulnerable users especially cyclists and motorcyclists who are not seen in the police data. Comparisons between injury severity measures for those in both datasets, show that the number of clinically serious injuries is about twice the police-reported number and that the police definition of serious injury is changing over time. Of the vulnerable traffic users, cyclists are the most striking with far larger numbers hospitalised than shown by police. This underlines how the national policy to encourage cycling needs to pay more attention to safety.
When the third dataset is added to the police and hospital cases, a large number of entirely new injuries is seen. Even if many of these are minor accidents they have a large cost for the individuals and for society. These data need to be taken into account in injury statistics but also improved to provide more reliable and complete information. This implies that new injury indicators are needed since existing data do not capture the extent and variety of the problem. While international comparability will be improved by the use of MAIS3+ as the indicator of serious injuries, it will not provide a comprehensive summary of the injury problem. Other indicators will be needed and record linkage could be used to provide new data series, even informal ones, to monitor trends and progress. Efforts to improve the data and continue to strengthen the linkages would therefore be worthwhile. While the third dataset used here from the Injuries Board is specific to Ireland other countries may have data from sources other than police and hospitals; the lesson here is that these need to be studied, using record linkage if possible ,as they seem likely to include injuries not seen in the other datasets.
The evidence that the numbers are far greater than the official data indicate implies that reducing injuries needs to play a more important role in road safety strategy. Policy measures under consideration to reduce fatalities could obviously also contribute to reducing injuries. Among these are helmets for cyclists, lower urban speed limits, stronger measures to protect pedestrians, cyclists and motorcyclists. The large number of injuries previously not counted in economic analysis of the benefits of additional measures mean that the returns on some specific measures will be higher than previously considered. One particular injury category, with a large number of claims and high costs is soft tissue or whiplash injuries and in this regard measures to understand better the severity of the injuries and also to reduce the number of low speed car collisions could be cost effective. Given the large number of these injuries, such measures would appear to be justified and have higher socioeconomic returns than previously thought, thereby strengthening the case for their introduction.
A final conclusion follows from the fact that, though the evidence presented here shows that the number of injuries is much higher than police-reported figures, not enough is known on the nature of injury accidents nor on their consequences. Research is needed better to understand these injuries and assess the policies to reduce their number and gravity. (3) Ascertainment rate for police and hospitals are the percentages of the number of distinct cases (shown in the total column) that police or hospital cases in the category account for.
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(4) The total is the sum of the police and hospital cases minus the number of matches. Sources: police, hospitals and Injuries Board datasets; linkage results.
Notes:
(1) Dataset 2 is the smaller dataset in each linkage and its size is the maximum number of matches (the value M in Section 2.3).
(2) Overlap is the sum of the posterior probabilities ( n ) as explained in Section 2.3. 
